Abstract-Business Intelligence (BI) is defined as the intelligent transfer of data from all variety of sources with a view to providing a real time quantification of business performance. Moreover, by utilizing BI senior managers are able to make better-informed decisions, guided by the integration of comprehensive information from all facets of an organization in real time. Further, the quality of corporate decision making is directly dependent upon the quality of data. Quality dimensions have proven to be of importance in evaluating how an organization understands and manages its data. Hence, in this study we employed the data quality model of Wang and Strong as our benchmark, and by questioning experts five additional factors (Usefulness, Efficiency, Availability, Navigation, and Usability) were added to the model to improve the reference model. Furthermore, the importance of these factors (and how they relate to each other, in terms of their dimensions) will be measured by the AHP method and an expert panel. Finally, we will reveal how the findings demonstrate that the intrinsic, contextual, representational and accessibility IQs in terms of their dimensions and reputation, accuracy, believability, and reliability, proved to be the most important factors.. Index Terms-Business intelligence, data, data quality, data quality model.
I. INTRODUCTION
Historically, business intelligence appeared in the mid-1960s within management information systems. Moreover, with the rapid evolution of computer technology in the 1970s decision support systems subsequently emerged [1] . The extant technology continued to improve until the advent of executive information and data warehouse systems. However, the subsequent massive growth in demand for complex data warehouse systems prompted researchers to use a new term of reference, namely BI. Since that time, BI systems have become the predominant technology utilized by organizations to improve their performance and quality of information in support of decision-making processes [2] . In fact, BI has emerged as the leading solutions for the improvement of the decision-making process [3] . BI also serves as a working map for companies to maximize their profitability through a comprehensive data analysis, and its wider availability will enable companies to benchmark their performance relative to those of other organizations [4] . In case of appropriate implementation of BI, its massive implementation costs would be profitable [5] . BI has been Manuscript received November 23, 2016 ; revised February 28, 2017 . The authors are with the Faculty of Social Science and Economics, Alzahra University, Tehran, Iran (email: aylinhejazi@gmail.com, abdolvand@gmail.com, saeedeh.rh@gmail.com). successfully used to augment a variety of programs, including selling and marketing analysis, planning and forecasting, financial strengthening, legal reporting, and budget analysis [6] . According to the studies, appropriate implementation and use of BI can result in numerous benefits, including profit increase, cost reduction, and efficiency improvement. Although a lot of organizations implement BI to realize its benefits, not all of these efforts will be successful [7] . In addition, the projects of implementing BI systems are very expensive, and yet, according to studies, the probability of failure of these projects still remains high. Findings indicate that only 24% of the BI projects are identified as very successful projects [8] . Furthermore, according to the studies, the cost of implementing BI will vary from 50 thousand dollars to billions of dollars for implementing complex Data Warehouse projects. Hence, a large amount of money is spent by the companies on BI projects to establish these systems, without guarantee of achieving any success or positive impact [9] - [11] . Implementation of BI systems is intricate, and uses a significant number of sources [12] . However, if the organizations can implement it successfully, it will provide technical solutions with extensive analytical capabilities that are presented to the stakeholders at different levels of the organization, which will help the people to acquire useful information for effective decision making [13] . Undoubtedly, timely and accurate business decisions need the right information at the right time which is the prerequisite for making reliable, correct and accurate business decisions [14] . Low-quality data can have a significant social and economic impact. Thus, it is essential to understand the data quality (DQ) from the consumer's perspective in order to improve its quality. Discovering the impact of quick and timely access to information in regard to business decisions is not easy [15] . Similarly, finding the impact of timely and quick access to information for making business decisions is not easy achievable, and measuring and assessing its impact on general business is even more difficult [16] . Therefore, Understanding and managing data by organizations in order to create procedures to ensure data quality is important [17] . Moreover, whereas any problem in data quality will affect other dimensions, identifying data quality dimensions is a vital step in measuring data quality [18] . Hence, the question arises, how important are the factors of data quality and dimensions to each other in assessing data quality? This study employed the data quality model by [15] , which is one of the essential data quality frameworks to have analyzed data quality from the perspective of data consumers [19] . They believed data consumers have a broader understanding of data quality in comparison to information systems specialists. Since this model was introduced in 1996, other effective factors have also been identified in the following years. Hence, in this study, other factors were added into the model using an expert panel, and a conceptual model was developed. Then, by paired comparison analysis and the AHP method the importance of each factor and data dimension in Iranian organizations, where the information systems are older and less ready to implement these systems, were measured. For this purpose, the research literature was reviewed first and factors and variables were extracted. Then the research methodology is reviewed and research model is developed. The conclusion and recommendation of the study are discussed in the last part.
II. LITERATURE REVIEW
BI is a managerial approach that allows an organization to realize useful and relevant information for decision-making. BI helps organizations to make real-time and quick decisions through data, and it prevents a great number of problems and errors [20] , [21] . Thus, BI solutions offer the ability to extract, cleans and aggregate data from multiple operational systems in a single data warehouse [21] . These solutions enable organizations to improve decision-making and require processes, skills, technology and data [20] . BI systems combine data gathering and storage and knowledge management with analytical tools so that they offer complex and competitive information for decision-makers [22] . From this definition, the importance of data in BI systems is apparent. Technical capabilities and data analysis applications are the requirements of eliciting the value of BI and supporting it [23] . Different data-driven applications, such as data warehousing use different data quality software tools to improve the business processes [26] . Data warehouses are the central elements of BI, which integrate data from different transmission information systems with the aim of fulfilling analytical purposes [24] , [25] . Data quality is a multidimensional concept and has different characteristics; it is possible that data used in a particular situation will not be useful for other situations and applications. In general, data quality is defined as data that is suitable for use [15] - [27] . Data are directly related to BI productivity; this means that not only should the right information reach the right user at the right time but also that data should be delivered for specific users in the best way in order to customize it to maximize the BI profit [27] . Therefore, it is important for organizations to understand and manage data in order to create procedures to ensure data quality [17] . Information quality is also another complex and multifaceted issue that is influenced by three factors namely user's understanding, information, and the process of accessing information [27] .
The rapid growth of the Internet as an environment for information exchange and the lack of standards in this area for applying information cause problems for data and information in terms of quality [29] . Data quality problems have expanded in data warehouses and implementations of enterprise resource planning systems. Low-quality data can have a significant social and economic impact. Data quality management is an important area for studies and investment in information technology [18] . Real assessment of data quality dimensions is difficult due to the abstractness of the quality concept [29] . A great number of studies have been conducted within the field of data quality. For example, Reference [30] presented advices for improving data quality. Reference [31] reviewed all data and information proposed models between 1996 and 2002 to determine the quality factors, and finally presented the IQIP model as an approach to managing the implementation of the Internet crawling search engine algorithms related to quality [31] . Reference [15] provided a conceptual framework with four categories and fifteen dimensions that assessed data quality from the customer's perspective. Reference [17] in their study examined the cultural and social dimensions of data quality, and indicated that creating a common understanding and awareness of the biases of vital data quality factors at the social level are very vital. They also suggested that perspective analysis, conflicts solving, and consideration of culture are important strategies for improving data quality at the social level. Reference [31] provided a conceptual framework to assess the quality of five information systems along five dimensions: presentation quality, text quality, transaction quality, access quality, and ergonomic quality. They also showed that the quality criteria are not developed in separate processes of creating data and data usage fields [32] . Furthermore, [18] identified the dimensions used regularly, and then mapped the data problems to the identify dimensions, showing the need for standardization in this area. Although models for assessing DQ exist, DQ models in the field of metadata are scarce, however, to bridge this gap in the literature, [29] provided a classification based on user's assessment or on information quality criteria, identifying three sources of metadata information quality: user, source, and query process. Based on ISO25012 and ISO25024, [33] created the 3C model consisting of three DQ dimensions, namely contextual consistency, operational consistency, and temporal consistency, which are used to assess the quality of data used in a metadata set. In another, [34] presented the 3A model, which includes three DQ characteristics used to assess data quality level in huge projects: contextual adequacy, temporal adequacy, and operational adequacy. Further, they showed that this model can be an appropriate method for achieving the level of input DQ in big data analysis in order to enhance reliability and accuracy. Reference [35] developed the two-stage model for managing the quality of SMCPS's data and demonstrated that the two-stage control strategy is better than one-stage or random control for ensuring DQ and saving control costs. Moreover, local data were produced at lower control cost and with better quality. Reference [36] conducted a model with five quality dimensions, to demonstrate the usefulness of the connected data and assess the quality two sets of related data. Moreover, they showed that amount of data, concise, completeness, navigability, and interlinking are effective factors in assessing connected databases. Reference [36] reviewed data quality frameworks proposed over the past ten years and identified two pragmatic and analytic criteria with four common factors namely objectivity, accessibility, conciseness, and accuracy in the reviewed frameworks which show the importance of these factors for information quality. Reference [37] presented a PSP/IQ conceptual model based on reliability, usability, usefulness, and correct information to
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assess how correct information is developed and how organizations can provide usable and reliable information services to their customers. Reference [38] developed a theoretical model to study the factors that affect users' detection of World Wide Web information quality problems and identified fourteen dimensions and nineteen indicators related to information quality problems. Reference [39] described an approach that combines similarity rankings with quality rankings in centralized and distributed environments; they also identified six quality criteria: generality, accessibility, availability, power, popularity, and consistency, and it suggested that combining quality criteria can improve effectiveness in both centralized and distributed environments. In another study, [40] indicated that completeness, accuracy, consistency, timeliness, and correctness are essential aspects of data quality. at the same study Reference [41] indicated the positive effects of Completeness, Accuracy, Correctness, Consistency, Timeliness on data quality Reference [42] indicated that Six quality metrics, including the currency, availability, information to noise ratio, authority, popularity, and cohesiveness are effective on the search effectiveness in Centralized/Distributed Information Retrieval on the World Wide Web. Reference [43] have identified the Decision-maker quality; Data quality of the BD sources; Staff; Flexible infrastructure; Routinizing and standardization; Process integration and standardization; Collaboration; Knowledge exchange; BDA capabilities; Relational governance; Contractual governance as the effective factors on the big data decision-making quality. Moreover, Reference [44] used a combinatory approach of subjective and objective to assess data quality and suggested that data quality assessment requires the awareness of the principles of developing subjective and objective data quality metrics.
Research carried out about data quality and their dimensions are summarized in Table I . According to studies, a lot of quality models have been developed that some of them check the quality indicators, and some of them check the quality dimensions and categorized data and information according to visions and applications, and the number of levels and factors were different and in some cases there were overlaps. Moreover, methods were different and some of them developed a model based on literature review, and some of them were case studies. A series of features were same on most of the models. In addition, based on organizations need the focus of the model is different, and considers special cases. Moreover, according to findings, few studies have been done in this field in Iran. Hence, it is necessary for organizations to have a comprehensive model to identify the most common and effective dimensions in data quality. Therefore, this study reviewed 41 articles related to data, information, and data models using content analysis and comprehensive study of literature. Among the different data models that have been checked, data quality model of [15] with four dimensions and fifteen indicators, is still one of the most important frameworks [19] . Moreover, this framework is one of the few studies that focus on the concept of data quality from the customer's perspective, and that was chosen as the reference model. Another reason for choosing this model is that this model has most overlapping indicators with the twenty common indicators which are introduced by [31] due to reviewing all data or information quality models from 1996 until 2002. It is clear that other indicators have been proposed since 1996. Therefore, six other indicators namely, usefulness, usability, availability, navigation, and reliability were added to this model using expert's opinions, and classified in their right dimensions. Hence, conceptual model of study was developed, and was identified the most important factors of assessing data quality.
III. CONCEPTUAL FRAMEWORK
The aim of this study is to identify the most important factors of data quality. The question that arises from the basis of the research is that how important are each indicators in their dimensions and each dimensions toward each other? In order to answer this question, this study consists of two phases; in the first stage, by using content analysis and comprehensive literature study data quality model of [15] which examine data quality from customer's perspective, has been considered as a reference model, and by using expert panel six indicators of usefulness, usability, availability, efficiency, navigation, and reliability added to the model, and the conceptual model was developed. Then, academic experts requested to categorize these six indicators into model's dimensions. After finalization of indicator's categorization in model's dimensions, the validity of the proposed dimensions for each indicator was confirmed by using CVR. In the second stage, by using an analytic hierarchy process (AHP) was requested from academic experts to score the importance of proposed indicators in their dimensions and the importance of each dimension based on AHP method. Therefore, indicators and dimensions were ranked using expert panel. The final model has 21 indicators and four dimensions namely Intrinsic DQ which includes features and criteria that emphasize quality must be in data's nature, Accessibility DQ which is determined that data quality requirement should be considered in the context of the tasks at hand, Contextual DQ, and Representational DQ both emphasize the importance of the role of systems, and Contextual DQ were considered important by information systems professionals.
Representational DQ same as Accessibility DQ underlined the importance of the role of systems [15] (Fig. 1) . 
IV. HYPOTHESIS DEVELOPMENT
In this study, two questionnaires were used to validate model variables and to survey expert's opinions. The first questionnaire includes questions to measure adding of six indicators to the reference data quality model by [15] . From 37 questionnaires distributed among academic and industry (1) to very important (5) . The validity of the proposed dimension was calculated by CVR index. When more than half of the expert panel chooses the important option, CVR is between 0 to 99%, and the CVR is negative otherwise. When all the experts chose the important option, CVR is 1; to make it easier this amount is adjusted to 0.99. To approve the indicators in their proposed dimensions, scores that were obtained from this formula must be above 42.0. Based on the results in Table II all indicators were accepted in the proposed dimensions.
In the next step, AHP questionnaire is used to determine the importance of the proposed indicators in their dimensions and the importance of each dimensions itself. AHP questionnaire composed of five matrix which four of them related to indicator's dimensions namely Intrinsic DQ (Reputation, Accuracy, Objectivity, Believability, Reliability) and Representational DQ (Understandability, Interpretability, Concise, Consistent) and Accessibility DQ (Accessibility, Security, Navigation, Availability) and Contextual DQ (Value-Added, Relevancy, Amount of Info, Timeliness, Completeness, Useful, Usability, Efficiency). The last matrix is to compare the importance of each dimension in comparison to each other. From 37 distributed AHP questionnaires among academic and industry experts and executives, only 10 questionnaires were returned. 
V. RESEARCH METHODOLOGY
In this study, AHP is used to assess the importance of indicators in their dimensions and eventually the importance of dimensions toward each other. AHP is a systematic approach that is designed for non-structural problems to help decision-makers, and this is achieved by dividing the problem into a series of criteria and options. Then, the problems assess by Paired Comparison of criteria and options in this hierarchy. In addition, the AHP assesses the compatibility of paired comparison, which is created during hierarchy. Moreover, this process provides the ability to prioritize the criteria and alternatives. The first stage of this procedure is to list the criteria and options. After that, the participants are requested to score paired comparison between elements of hierarchy by using AHP method, which are equal importance (1), moderate importance (3), strong importance (5), very strong importance (7) , and extreme importance (9) [45] . The geometric mean is used to combine the paired comparison. Then, to normalize the geometric mean of each row, it should be divided by the sum of the geometric mean columns. After assigning a weight for each criterion, options should be compared in pairs based on each criterion. Finally, each option is calculated by the total of the product of choice priority based on "I * priority criterion" criteria. After the finalization of the classification of the indicator's proposed dimensions, dimensions and indicators have been analyzed by the expert choice software, and the questionnaire incompatibility factor was assessed. If the calculated number for inconsistency is less than 0.1, there will be essential agreement; otherwise, experts should reconsider their responses. According to the results of the incompatibility factor, all factors were less than 0.1 and acceptable. According to a poll of experts who was conducted, four dimensions of data quality are named; intrinsic DQ, contextual DQ, accessibility DQ, and representational DQ, in order of their importance. These dimensions and their indicators are shown in Table III 
VI. CONCLUSION AND RECOMMENDATIONS
With the development of science and technology, the challenges have changed, and unlike in the past, obtaining information is not the only concern, Nowadays, due to the proliferation of information, accessing the needed information within the critical time is important. BI is a method that can solve this problem, and it can provide reports for senior managers. As a result, successful and measured implementation is essential. Therefore, in this study, the data quality model of [15] is used with an aim of comparing the importance of data dimensions' indicators and dimensions themselves, and the 20 common indicators that were introduced by [30] were combined with the 15 indicators of the [15] data quality model. By using an expert panel, the importance of the indicators is examined. According to AHP results, reputation, accuracy, and reliability are the most essential indicators which are compatible with results of [31] and [15] . According to data analysis findings, using AHP method revealed that among the four introduced dimensions, intrinsic DQ is the most important dimension, and four out of five indicators of this dimension are scored the highest importance among all indicators. In addition, another intrinsic DQ indicator namely, objectivity after value-added from contextual DQ is the sixth important indicator. In the next place, timeliness and relevancy are belonged to the second important dimension namely contextual DQ. The next priority is the security of accessibility DQ, and finally, there are representational DQ's indicators. Similarly, indicator's rankings are fully matched with dimension's importance, and the results are acknowledged. Based on results, clearly data intrinsically should have some features so that it can be displayed, or make it available, or to provide contextual data quality. In the following, data quality indicators related to accessibility and ultimately accessibility and representational data quality are located. For instance, data with the initial conditions should exist so that they can become consistent and concise in the future, or they can be interpreted with data collection. According to the results, although companies improve data quality of the tools and practical approaches, efforts should be focused on accuracy, and they should use better control procedures to ensure the accuracy of data.
With the development of technology and information, it is undeniable that other indicators will be added to data variable. Even the existence of some indicators may need to be revised. To improve data quality, precisely what the data quality means for the data consumers should be understood first [15] . With the development of organizations and technology, the importance of these dimensions will change. The accuracy in the research of [30] also is the most repetitive indicator. With regard to the importance of these 21 indicators, companies can easily determine which indicators they should give special care and attention to, and on which indicators they need to spend more money and time. Therefore, organizations should implement and improve their BI systems in such a way that they comply with the percentage of importance pertaining to that indicator or dimension. Generally, the intrinsic data quality dimension should be considered more than other dimensions. By way of illustration, the data source from which are data obtained, should be reliable, thus ensure the accuracy of data. If data are collected and created properly, the amount spent in time and money will be less, and as a result, the interpretation will be correct, data will be more understandable. Thus, over time, increasingly added value will be created. However, it is inevitable that the type of organization and its strategy and competitive advantage should also be considered. As these results are general, and they should be customized according to the organization.
This research has pursued the exploratory approach and has not followed the descriptive approach. In the future, it is possible to follow the descriptive approach with a structural equation to analyze the effects of data dimensions on an organization's readiness for implementing and analyzing BI at different maturity levels.
It is recommended to perform a case study on an organization that has implemented BI to examine the importance of the introduced indicators and to review the compliance of exploration results with the quantitative results of this study. In addition, in future studies, the importance of introduced indicators can be measured in terms of different maturity levels (especially technical models).
